Introduction {#Sec1}
============

The increasing amount of data available to medical professionals for diagnosing diseases and developing treatment plans for their patients raise the importance of having suitable tools to harness such data and transform them into meaningful information. Such tools are also useful for evidence-based decision making within the healthcare domain \[[@CR14]\]. Health-care professionals can no longer solely rely on pen and paper as more and more data are in digital form. The skill to click, copy and paste is becoming more crucial than the ability to hold a pen, flip and clip papers. X-ray films are replaced by digital X-ray. Treatment notes written on cards are replaced by digital notes. Lead used in pencil is progressively replaced by silicon used in electronic devices for writing and drawing notes. Wooden furniture for storage is being replaced by digital media. Hence a decision support system is important for the health practitioner to deliver the service efficiently \[[@CR10]\].

In terms of drug prescription, not only more information is to be stored and retrieved from digital media, the number of drugs that doctors need to handle is also increasing as more and more patients are taking multiple drugs. Within dental clinics, antibiotics are often used to resolve infections especially after surgical procedures such as placement of dental implants and gum treatment \[[@CR26]\]. To manage anxiety which usually occurs before surgery \[[@CR9]\], anxiolytic drugs are also commonly used. Reducing and relieving pain with analgesic medications are also important procedures within the clinical work-flow of any health institution \[[@CR22]\].

Although there are many studies that examine drug--drug interactions (DDI) \[[@CR3], [@CR4], [@CR32]\], they do not associate them with the patients medical profile to facilitate individual drug prescription. Although our system is similar to that proposed by Casillas et al. \[[@CR5]\] in terms of using information from the patient, the unique approach adopted in this paper goes one step further in using such information to support the decision-making process for doctors at point-of-care within the clinical work-flow. An additional presentation layer is introduced, providing an important interface between the user and the knowledge mined from bio-medical sources. In addition, within the predictive layer, we propose multiple approaches to deduce the similarity ratio between drugs in a drug-pair to assist doctors in prescribing drugs at point-of-care, in order to find the combination of approaches that yields the best performance. This is in contrast with only a single network model approach in our previous work \[[@CR11]\].

Knowledge obtained from data mining performed on open source datasets to predict the relationship between drugs in a drug-pair is used to give prescription support to the health practitioner. Feature vectors will be built from the text corpus to allow computing of the similarity ratio, with the assumption that a drug-pair safe for consumption will have a higher similarity ratio compared to an unsafe pair. These multiple methods for building the feature vectors reside within the prediction layer of our three-tier framework.

Experimental results show that the word-embedding model performs better than the adverse network model. Performance is also better than the baseline model. This model is easily utilised in predicting a drug's suitability for prescription by considering the patients drug allergies to avoid allergic reactions, and the drugs the patient is currently taking to avoid adverse DDI.

This study will help provide strategies in research agenda and priorities, including methodologies for knowledge reasoning and inference in the context of a medical clinic. Research outcomes of this project, especially in this climate of increasing poly-pharmacy, will help reduce the risk of prescribing drugs that may cause the patient to suffer an adverse reaction and thus improve healthcare quality. This system which delivers information on interacting drug-pairs based on the patient's drug profile will also benefit those who are involved in clinical education and research relating to drug dispensing, such as medicine, nursing and pharmacy.

Traditionally, chemical structures and drug targets were used to decide if a drug-pair is interacting. By using data mining and feature extractions from text corpus, this paper contributes significantly in the way useful information on drugs interactions can be obtained. Moreover, we will also show in this study how such information can be applied for personalised decision support in the area of drug prescription within a medical clinic.

The efficient approach in the design of the clinical decision support system (CDSS) with consideration of the medical profile of the patients result in the following significant contributions:advancement in the design of clinical decision support systems by using similarity ratio of a drug-pair;attributes like adverse interactions and side effect of a drug can be used to construct feature vectors for computing similarity ratios;by hierarchically representing the drug-pairs within the context of a CDSS, paths linking the common drugs within the set of interacting drugs can be used to arrive at a similarity ratio;results support the hypothesis that similar drug-pairs have a higher similarity ratio compared to that of dissimilar pairs;provide a platform for further research on data mining and machine learning methods within the medical domain which will transform the clinical work flow of the health-care industry.The rest of the paper is organised as follows: Sect. [2](#Sec2){ref-type="sec"} discusses the related work in data mining and how our model differs in the way the drug--drug relationship is detected and deployed for use. The multi-model framework is described in Sect. [3](#Sec3){ref-type="sec"}, while Sect. [4](#Sec9){ref-type="sec"} describes the experiment and Sect. [4.6](#Sec17){ref-type="sec"} discusses the results, with a description on how the model can be applied in a medical clinic. Finally Sect. [5](#Sec21){ref-type="sec"} presents the conclusions obtained.

Related Work {#Sec2}
============

Word embedding is a method to represent the semantic and syntactic similarities between words. It has found application in many areas including sentiment analysis \[[@CR27]\] and sentence classification \[[@CR33]\]. Inspired by deep neural network models, word embeddings have drawn the interest and attention of many researchers.

The ability to predict context words has motivated many studies to use this model for obtaining the similarity of drugs within drug-pairs. A recent work by Wang et al. \[[@CR30]\] used this approach to extract information on DDI from biomedical corpus, by capturing the core meaning of the sentences in the text and incorporating the syntactic contexts into the embeddings. \[[@CR36]\] examined the ability of word2vec in deriving semantic relatedness and similarity between biomedical terms in journal articles. It is interesting to note that models trained on specific text like abstracts yielded better results that those trained with the main text of the articles. \[[@CR17]\] attempted to use word embeddings to capture semantic information of words for the DDI classification. \[[@CR35]\] also used word embeddings to exploit the syntactic information of a sentence to extract DDI. Both systems delivered promising performance, despite neither being customised to the patient's individual drug profile.

There has been growing interest in comparing text and computing similarity between entities by representing them in a graphical model. For example, in Palma et al.'s model, the semantics similarity between drugs is used to predict drug target interactions \[[@CR20]\]. Based on the hypothesis that similar targets interact with the same drugs, and similar drugs interact with the same targets, a heterogeneous graph was constructed with edges that include the drug--target interaction as well as drug--drug and target--target similarity edges.

\[[@CR12]\] also proposed a framework to compute the similarity between two objects by representing them and their relationship as a graph. With the objects as nodes and their relationship as edges, this framework assumes that two objects are similar if the objects related to them are also similar. For example, two publications are considered similar if the papers cited by each publication are also similar. The directed graph $\documentclass[12pt]{minimal}
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Although there has been much research on DDI using different techniques, there is no system that uses DDI information to facilitate drug prescription within a CDSS, notwithstanding the absence of a complete source of information on potential DDI \[[@CR1]\]. A CDSS that conforms to our recommendations of a personalised system, which considers the drugs the patient is taking and is allergic to, will contribute to the productivity and efficiency of medical treatment, with practitioners more readily adopting such a system within their clinical work-flow \[[@CR10]\]. Therefore, a CDSS which integrates with drug knowledge bases to identify adverse drug events and advises on drug suitability before prescription will appear helpful to the health practitioner. With timely and accurate DDI information embedded within a CDSS, more comprehensive treatment options can be made available to patients and practitioners, thus contributing to a more positive treatment experience, better oral health outcomes and job satisfaction for the medical practitioner.

The Proposed Framework {#Sec3}
======================

Fig. 2Three-tier framework

A three-tier framework was proposed to allow ease of design and portability across different fields in medical diagnosis and prescription support (Fig. [2](#Fig2){ref-type="fig"}). This framework consisted of the knowledge layer, the prediction layer and the presentation layer. Such a framework allowed each layer to be developed and maintained independently, while at the same time ensuring the inter-layer interfacing conformed to standards.

For example, by using the word embedding approach in building feature vectors, the output from the prediction layer can be fed into other neural networks to accomplish other tasks. In addition, this framework supports our unique approach of personalised drug prescription. The following sections describe the functions of each layer.

Knowledge Layer {#Sec4}
---------------

The knowledge layer consists of the biomedical text which describes the properties of the drugs. The text comprises of a bag of words from which relevant information was extracted at the data mining layer for computing similarity ratio within a drug-pair.

In our study, the text from DrugBank was used as it has the advantage of having each drug described with different properties from different perspectives. It contains a comprehensive corpus of information to suit both patients (under the heading "Overview" and healthcare professionals (under the heading "Professionals" while information on side-effects are found under the heading "Side-effects". An updated knowledge base is also important for the system to be perceived as useful and adopted by the user \[[@CR13]\]. All this information is collectively stored in the drug taxonomy $\documentclass[12pt]{minimal}
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                \begin{document}$$r\in \mathbb {R}$$\end{document}$.This layer contains important information relating to DDI and provides the ground truth in deciding if a drug-pair has an adverse relationship.

In order to construct the knowledge base for use by the models during the experiment, textual data that describes each drug within drugBank is extracted by parsing through drugBank from the different properties for use in the knowledge base. The collection of these drug properties then goes through the pre-processing stage. This is to ensure that non-paltry terms are not omitted in the subsequent assembling of patterns of words for building features of the drugs. At this stage, stopwords were removed and words converted to their root form through stemming which enhanced the reliability of the data \[[@CR23]\]. With these words being collected, patterns of each word can be constructed to allow similarity ratio to be computed in the models residing in the Prediction Layer during the experiment.

Take for example the sentence "Scientists are still researching risk factors for COVID-19" found in the drugBank repository of documents. After going through the process of removing stopwords and transforming appropriate words to their root form, the words in the sentence are reduced to "scientist","research", "risk", "factor" and "COVID-19".Table 1Co-occurrence matrixScientistResearchRiskFactorCovid-19Scientist00000Research00110Risk01010Factor01101Covid-1900010

A co-occurrence matrix with these keywords can be constructed so that each word can be represented as a pattern of binary digits. The placement of the binary digits depends on the rule dictating the contextual distance before and after each word. Hence Table [1](#Tab1){ref-type="table"} shows the co-occurrence matrix which indicates the occurrence of the words together within a contextual distance of two words before and after each target word. It can be seen that for the target word "factor", within a context distance of two, each of these words "research", "risk" and "covid-19" occurred once as indicated in the row beginning with "factor" in Table [1](#Tab1){ref-type="table"}. Thus, the row matrix for "factor" can be represented as $\documentclass[12pt]{minimal}
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                \begin{document}$$\begin{bmatrix} 0 &{} 1 &{}1&{}0&{}1 \\ \end{bmatrix}$$\end{document}$ . With each word in the textual description of the drugs in the bio-medical database being represented as a co-occurrence matrix, a knowledge base associated with each drug can be constructed. This will facilitate subsequent building of the drug model to determine their similarity ratio.

Presentation Layer {#Sec5}
------------------

The presentation layer is important as it serves as an interface between the computing layer and the user. A well-designed user-friendly interface will help users adopt such a system in their clinical work-flow. As highlighted in Table [2](#Tab2){ref-type="table"} for the three layers in the framework, user requirements in the presentation layer need to be efficiently mapped onto the prediction layer to enable useful and relevant information to be extracted for further computing of the similarity ratio.Table 2Features of conceptual frameworkPresentation layerPrediction layerKnowledge layer$\documentclass[12pt]{minimal}
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The presentation layer also distinguishes our system from many other decision support systems as it contains the patient's personalized information.Fig. 3User interface

In this system, patient *p* was defined as a 2-tuple $\documentclass[12pt]{minimal}
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                \begin{document}$$\mathcal {D}^-\cap \mathcal {D}=\emptyset $$\end{document}$.Besides, the presentation layer also presents the results from the prediction layer. Hence this layer is important as a supporting tool to doctors in deciding whether the drug to be prescribed is safe for the patient.The drug to be prescribed is also stored in this layer. Such information is needed in the prediction layer for extraction of feature vectors. In order to maintain user-friendliness, which is crucial for clinical adoption of the system, it is important for this layer to present the results in a user-friendly manner.Based on the results transmitted from the prediction layer, the service at this layer will then advise the user if the drug in question is safe for prescription. This approach allows the presentation layer to crystallise the results in a meaningful and friendly manner. This will allow a prescription similar to Fig. [3](#Fig3){ref-type="fig"} to be presented to the user.

Prediction Layer {#Sec6}
----------------

From the drug taxonomy $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$\mathcal {T}$$\end{document}$, text for each drug was extracted, cleaned and stored in order to provide information on the underlying properties of a drug-pair. The flexibility and robustness of the three-tier framework allowed the calculation of drug-pair similarity using various approaches.

As individual drugs and the adverse relationship between them can be logically represented in a network of nodes and edges, the adverse network model is used in computing the similarity between drugs within a drug-pair. In fact, such an information network allows rich structure and semantic information to be stored which enables further research associated with data mining \[[@CR24]\].

Besides the adverse network model, the word embedding approach is also used to compute the similarity ratio of a drug-pair. This method of finding the similarity between a drug pair is adopted due to its increasing popularity in machine learning. In tasks involving word similarity, recent trends also suggested the use of word embedding models as they outperform other traditional models like the count-based distributional models \[[@CR16]\].

### Adverse Network Model {#Sec7}

In the adverse network model, drugs and their relationships are represented by a graph $\documentclass[12pt]{minimal}
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For a given node A, *O*(*A*) denotes the set of out-neighbors and the number of out-neighbors of node A is \|*O*(*A*)\|. Similarity between node A and node B will be given by:$$\documentclass[12pt]{minimal}
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Referring to Fig. [4](#Fig4){ref-type="fig"}, if we consider the out-neighbours, drug $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$v_1$$\end{document}$ will have a set of interacting drugs $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$O(v_1)$$\end{document}$, where the number of drugs $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$a_1, a_2, a_3\ldots a_k$$\end{document}$ that adversely interacts with drug $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$v_1$$\end{document}$ is $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$k=|O(v_1)|$$\end{document}$.

Path connecting two nodes indicates the relationship between the two drugs in a drug-pair. Adapting \[[@CR25]\]'s notation, the path from drug $\documentclass[12pt]{minimal}
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### Word Embedding Model {#Sec8}

The second framework used the skip-gram model, which is commonly utilised for learning word embeddings by predicting context words given a target word as the input to the model. With the context words, feature vectors were then extracted through word embeddings, which transform the words into vectors. Since it is expected that a larger set of common terms is used to describe a pair of drugs that are similar in function, it follows that the similarity between drugs in a drug-pair can be measured by finding words that are most related to each drug in the drug-pair.

Such an approach to machine learning has already made major impact in many areas such as medical imaging, speech recognition and natural language processing where a large amount of data is involved, and is very relevant considering the constant increase of drug-related biomedical information \[[@CR31]\]. Interest in word embedding has also resulted in studies on the influence of domain type and size on their performance \[[@CR15]\].

One of the reasons for its popularity lies in the fact that analogical linguistic relationships among words can be easily discovered through word embedding. Interest in word embedding has intensified with Mikolov et al.s introduction of a simplified architecture, which eliminates the non-linear hidden layer, allowing training on much larger datasets than was previously possible \[[@CR18]\].

Instead of using the set of interactive drugs as in the previous model, data from the text corpus was used in this model to compute the similarity within a drug-pair. With the help of Word2Vec, tokens were then built by iterating through the sentences in the text corpus, specifying parameters such as minimum word frequencies and the size of the feature vectors. Word2Vec is used as it has been reported to be the most efficient ones for learning vector representations of words \[[@CR19]\]. While Word2Vec is not strictly a deep neural network, the output vector that it produces in numerical format within the deep learning models can be easily understood by other deep networks making it very suitable for use in such works.
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Once the text corpus has been trained by Word2Vec, the output vector for any name of a drug can be conveniently obtained through built-in Java methods included in Word2Vec. For example, given a keyword, the output vector comes in an array of numbers, and the size of such arrays depends on the number of nearest neighbours specified in the experiment. The more frequently the combination of words occurred in the training sample, the more likely the word would be selected. The layer size determined the size of the output feature vectors. Thus, if the vocabulary size of the corpus was *k*, and the number of terms in the text corpus was *n*, the input vector would be a single row vector \[1 x *k*\] containing 0 at all positions within the vector except the *n*th position which would be a 1. With a layer size of *m*, the size of the hidden layer used by Word2Vec is \[*k* x *m*\]. In this way, the word vector produced for each word would be the product of the matrix \[1 x *k*\] and \[*k* x *m*\] producing a single row vector of size *m*.

Experimental Evaluation {#Sec9}
=======================

The performance of our novel approach was evaluated by individual testing of each model, as well as combined testing in a sensitivity study. The same training set used for all the experiments consisted of positive and negative drug-pairs according to the drug taxonomy. The positive set contained drug-pairs that do not adversely interact with one another whereas the negative set contained pairs which adversely react with one another and should not be prescribed together. A similarity ratio above a threshold value of 0.5 implies the model is making a correct prediction.

Similarity Ratio {#Sec10}
----------------
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Experimental Design {#Sec11}
-------------------

The training set consisted of sample drug-pairs that were either similar (true positive) or dissimilar (true negative) according to the drug taxonomy.

### Adverse Network Model {#Sec12}
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                \begin{document}$$\theta $$\end{document}$ = 0.5 was used to predict if the drug-pair is similar. A value of 0.5 or higher from the experiment meant the drug-pair was considered similar, while a value below 0.5 meant the drug-pair was considered dissimilar. The models performance can be measured by counting the number of correct predictions.

### Word Embedding Model {#Sec13}

Since the aim is to discover the similarity between two drugs, it would be interesting to explore alternative measures in building feature vectors. In this system, feature vectors were obtained through an artificial neural network approach. By using the skip-gram model from Word2Vec \[[@CR18]\], a predictive model was constructed for learning word-embeddings from the raw corpus that described the properties of the drugs. Since the problem domain aims to extract related words to determine the extent of similarity from biomedical text, word2Vec was relevant to our experiment. Given a keyword, for example, the drug name, this method formulated a feature vector that best predicts a window of surrounding words that occur in some meaningful context. Such semantic similarity also conforms to the important criteria for selecting good word pairs (\[[@CR34]\])

When training the dataset, the parameters required by word2Vec were the word frequency (the minimum number of times a word must appear in the corpus), layer size (the number of desired features in the word vector) and window size (the number of words before and after the word to extract for the training sample).

With this model, word vectors were constructed by sending a keyword. During the experiment, keywords associated with the nearest neighbour of the drug name were retrieved from the model. Similarity ratio between each set of vectors produced from the keywords could then be computed. To observe the behavior of this approach, the model was constructed with individual properties of the drug ("Overview","Professional" and "Side Effects") while varying the number of nearest neighbours.
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In each model, word vectors were constructed from different combinations of keywords associated with the drug name. For example, if $\documentclass[12pt]{minimal}
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                \begin{document}$$d_{13}$$\end{document}$ were the three nearest keywords for a given drug d1, a word vector would be obtained from the specified model by combining the three word vectors from the respective three keywords.

Data Preparation {#Sec14}
----------------

Drug pairs used in the experiment were extracted from DrugBank, an unique resource containing a comprehensive corpus of information relating to various properties of drugs relevant to both end-users and professionals. It is maintained in collaboration with the US Food and Drug Administration (FDA). This corpus contains 6811 drug entries including 1528 FDA-approved small molecule drugs, providing free, independent, peer-reviewed, and up-to-date information at both consumer and professional levels.

In order to prepare data for the experiment, textual data from DrugBank is downloaded and cleaned by removing stopwords with words converted to their root form through stemming. Table [4](#Tab4){ref-type="table"} shows the number of tokens for each attribute of the drug used for the experiment. For the word embedding model, these tokens are further used to build the binary model to be used for the experiment.Table 4Size of dataset for used for building word2Vec modelOverviewProfessionalSide-effects154,645196,35253,644

Baseline Model {#Sec15}
--------------

Our work was evaluated against other works to highlight how adoption of this novel approach results in superior performance. The work of \[[@CR28]\] predicted DDI by parsing biomedical text for syntactic and semantic information on biological entities such as induction and inhibition of enzymes by drugs. These relations were then mapped with the general knowledge about drug metabolism and interactions to derive the DDI. The work by \[[@CR32]\] developed various prediction models to leverage on text mining and statistical inference techniques.

One of the models used include the popular DET model used to capture the relation between drugs and other entities. Using plate notations \[[@CR2]\] Fig. [5](#Fig5){ref-type="fig"} shows the generative process represented as a Bayesian model. A dummy document with subject section and content section is built for each drug found in the Medline corpus, assuming total number of drugs is *D* drugs. Hence total number of documents is *D*, with each document *d* conveyed by diseases. $\documentclass[12pt]{minimal}
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                \begin{document}$$\lambda $$\end{document}$ is the observable parameter which controls the drugs sampling.

Just like our work, DrugBank was also used. However, one of the methods in their preparation of data was to represent each drug by a vector of drug targets. The values in each vector are either 1 or 0, depending on whether the drug target is associated with the given drug. In our work, we chose to construct feature vectors of *tf\*idf* from textual information related to the properties of each drug.Fig. 5Drug-entity model (\[[@CR32]\])

Performance Measuring Schemes {#Sec16}
-----------------------------

Precision, recall and F-measure were used to evaluate the performance of our model. Precision indicated how accurately the model predicted drug-pairs as similar, while recall indicated how accurately similar drug-pairs were predicted. Accuracy was also used to measure the percentage of correct predictions combining both the similar and dissimilar predictions.

Results and Discussions {#Sec17}
-----------------------

With the unique three-tier conceptual framework where knowledge is extracted from the knowledge base and delivered to the prescription layer, the ensuing results demonstrate our model's efficiency and robustness. Not only was the algorithm able to compute the similarity of the drug-pair based on the hypothesis that a drug-pair is similar if the cosine similarity ratio between the drug-pair is high, but such information can also be adopted as a decision support tool for the health professional in drug prescription.

### Model Performance {#Sec18}

Table [5](#Tab5){ref-type="table"} shows the results obtained from individual models by running the experiment with the two sets of drug-pairs.

The word embedding model had a higher *F* score in predicting positive drug-pairs, hence leading to the higher recall rate of 0.85 compared to 0.61 for the adverse network model. In contrast, it had the lower precision rate (0.67 against 0.94), which measured the fraction of positive records that were accurately predicted. This was due to an increase in the false predictions (number of false positives). As the true positives increase, the number of positive pairs that were not correctly predicted (false negatives) decreases, resulting in an increase in the recall rate. When common paths for those drugs in adverse interaction with the original set of interactive drugs are included, the *F* score dropped drastically compared to the case when $\documentclass[12pt]{minimal}
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                \begin{document}$$\mathrm{radius}=1$$\end{document}$ where only the set of interactive drugs with the vertex was considered. As expected, the performance deteriorated when additional attributes of adverse interactions, such as minor and moderate interactions, were introduced. However, due to fewer possible paths when only major interactions are considered, the threshold occurs sooner, where beyond that, there were no true positives obtained in the experiment, which explains the unavailability of F score when the cut-off was over 0.6. With the word embedding model, F score was at a maximum at a layer size of 16. Performance deteriorated when the layer size was decreased since important information from the drug corpus was lost. Window size also affected the F score. Since the number of words before and after the target word was decreased, the quality of the training model is adversely affected, hence the drop in performance with a smaller window size.Table 5*F* score distributionThresholdAdverse networkWord Embedding$\documentclass[12pt]{minimal}
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Fig. 6Comparing AUC for different models

Since the precision does not factor in the correct negative predictions within the drug-pairs, (the true negatives, TN), we attempt to assess this performance by plotting the true positive rate *tpr* against the false positive rate *fpr* to obtain the receiver operating characteristic (ROC) curve (\[[@CR7]\]). With this plot, the area under curve (AUC) can be used to further determine the performance of the model in a more comprehensive manner. A higher AUC indicates a better performance (\[[@CR6]\]). The AUC for the word embedding model is 0.85 compared with that for the network model which is 0.61 (Fig. [6](#Fig6){ref-type="fig"}). When minor and moderate interactions were also included in considering the number of common paths within the drug-pair, it was noted from the ROC that the AUC was less than 0.5. This is due to the noise introduced into the experiment with the additional paths, which does not aid performance.

### Sensitivity Study {#Sec19}

Experimental parameters were varied to find the combination that yielded the best performance. These parameters included the proximity distance from the root node and the property of the relationship between the nodes in the adverse network model. Word size and layer size were also varied in the word embedding model. As shown in Table [6](#Tab6){ref-type="table"}, the adverse network model performed best by only considering the major relationship between nodes in the immediate neighbourhood of each drug in the drug-pair. This was the setting used in comparing the performance of the two models in Sect. [4.6.1](#Sec18){ref-type="sec"}.Table 6Effect of proximity and nodes properties on performance of the adverse network modelPropertyPromixityRecallPrecisionAccuracyF scoreMajor only10.610.940.820.7420.340.750.600.47Combined10.300.740.570.4320.340.380.370.36Table 7Influence on performance by training parametersWindow sizeLayer sizeRecallPrecisionAccuracyF score281.000.490.520.662160.980.490.530.66480.980.560.630.714160.850.670.740.75

Table [7](#Tab7){ref-type="table"} shows the performance of the word embedding model with varying window sizes and layer sizes. Changing the window size affected the performance significantly.

Since a smaller number of words before and after the target word was used during training, it is expected that the probability of a word match with the drug-pair during the experiment would lower, hence the drop in performance. Changing the layer size had minimal impact on the performance. The model performed best at a window size of 4 and a layer size of 16.

### Drug Prescription Scenario Using Our Model {#Sec20}

Fig. 7Using the model in a clinical settings

The framework described in this paper can be easily used in a typical clinical environment to assist the health practitioner in drug prescription at point-of-care. This will ensure the drug is not in adverse relationship with what the patient is taking, as well as dissimilar to the drugs that the patient is allergic to.

As illustrated in Fig. [7](#Fig7){ref-type="fig"}, such a clinical decision support system consists of two tests. The first test is to ensure the drug to be prescribed is not in adverse relationship with the drug the patient is currently taking. Based on the relationship among drug pairs in the drug taxonomy, the system will search for any adverse relationship between the drug to be prescribed and each drug that the patient is currently taking.

The second test is to ensure the drug to be prescribed does not belong to the same class as the drug that the patient is allergic to. If the drug to be prescribed is either in adverse relationship with the drug that the patient is currently taking or belongs to the same class as the drug that the patient is allergic to, the system will advise the user through the presentation layer that the drug is not suitable and will thus recommend an alternative drug. On receiving the suggestion of the alternative drug, it is then for the user to decide whether this is an appropriate drug to prescribe after further consideration of the duration and dosage of the patient's current drugs.

Conclusions {#Sec21}
===========

In this paper, a three-tiered conceptual framework is described which enables the similarity ratio of a drug-pair to be computed using feature vectors constructed from bio-medical text. This similarity ratio can then be used to decide if a drug-pair is suitable for prescription. Two different approaches were used to obtain the feature vectors, the word embedding model and the adverse network model. Experimental results showed better performance with the word embedding approach. We have also shown how our framework can be adopted at point-of-care within a CDSS for safe drug prescription by considering the patient's personal medical profile. Other extensions to the models can also be explored. One of these tools is Glove \[[@CR21]\], an approach combining the local word embedding method of Word2Vec with the global statistics of matrix factorisation techniques. As Semantic Web allows the data to be represented in a different format \[[@CR8]\], it will be exciting to see the performance of the models by leveraging such technology with the data from DrugBank. Besides DrugBank, it will be interesting to conduct the experiment with alternative data repositories such as PubMed (http://www.pubmed.gov/) and compare the results to evaluate if it is more efficient. In order to optimize the performance of the experiment, it is proposed that individual models described in this paper be amalgamated to form an ensemble model.

With the breakthrough in using similarity ratios within a personalised CDSS, our work will provide further motivation in developing other approaches for determining the similarity ratio of a drug-pair and to extend the use of such a system to pharmaceutical domains.
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